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AbstractThe problem appeared owing to selection of parameters increases the deficiency of electrical discharge machining (EDM) 
process. Modelling can facilitate the acquisition of a better understanding of such complex process, save the machining time and make the 
process economic. Thus, the present work emphasizes the development of an artificial neural network (ANN) model for predicting the 
surface roughness (Ra). Trainingandtestingaredonewithdatathatarefoundsucceedingtheexperimentasdesignofexperiments. The surface 
topography of the machined part was analysed by scanning electronic microscopy. The result shows thatthe ANN model can predict the 
surface roughness effectively. Low discharge energy level results in smaller craters and micro-cracks producing a suitable structure of the 
surface. This approach helps in economic EDM machining. 
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1. Introduction 
Titanium is used in many industries and commercial applications;however, titanium is a difficult-to-cut material for 
conventional machining process[1, 2]. A non-conventional technique, EDM can machine this hard material effectively 
[3].Electrical discharge machining process is highly complex and stochastic. The complicated mechanisms to the process 
result a lag of established formula correlating the input and output parameters. Modelling can solve the problem araised as of 
 
Nomenclature 
b bias 
hj value of the output for hidden nodes 
Ip peak current 
Ra surface roughness 
Sv servo-voltage 
Ton pulse-on time  
Toff pulse-off time  
wi synaptic weight 
xi input value  
© 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
Selection and peer-review under responsibility of the Department of Mechanical Engineering, Bangladesh University of Engineering and
Technology (BUET)
632   Md. Ashikur Rahman Khan et al. /  Procedia Engineering  90 ( 2014 )  631 – 636 
 
yo output for output nodes 
parameter selection and make the process economic [4]. In recent years, the artificial neural network has been transformed 
into a very useful tool for modelling complex systems [5]. The first research to distinguish the EDM pulse type using 
artificialintelligence was carried out byKao and Tarng[6]. A feed-forward neural network (NN) was adopted to associate the 
relationships between tool-workpiece gap signals and various pulse types. Based on this model, EDM pulses under varying 
machining conditions could be classified quickly and accurately by measuring the voltage and current across the gap 
between the tool and the workpiece and feeding these data into the developed network. Mahdavinejad showed that there are 
four completely distinct pulses in EDM, and this system becomes unstable when the number of non-successive pulses, such 
as arcing, short circuit, and open circuit, is increased against normal discharges during the machining process [7]. Thus, the 
method of model predictive control based on ANN with output parameters of the system was used to minimize the number 
of non-successive pulses. 
Twodifferentartificialneuralnetworkmodels:backpropagationneuralnetwork(BPN)andradialbasisfunctionNNwerepresentedfor
thepredictionofsurfaceroughness[8]. An investigation was carried out to study the effect of current and tool dimension on 
surface roughness for EDM machining [9]. The response variables were predicted using ANN techniques. Influences of 
EDM parameters on surface quality were analysed conducting the machining on cemented carbide[10]. 
It is seen that several studies have been conducted by using ANN for distinct materials such as SKD11 workpiece, 
94WC–6Co, mild steel (St 37), alloyed steels (C 45 and 100Cr6), high strength low alloyed (HSLA) steels; mild steel, WC-
Co, HE15, 15CDV6, and M250, AISID2steel [6,10, 11, 9, 7, 5, 12, 13, 8]. However, the development of the model for 
predicting surface roughness of Ti-5-2.5 work material in EDM process is still lagging. In this perspective, it is aimed to 
develop an ANN model that accurately correlates the EDM process variables as peak current, pulse-on time, pulse-off time, 
servo-voltage and performance, namely surface roughness (Ra) of Ti-5-2.5. The experimental work is carried out by using a 
numerically controlleddie-sinking EDM. The effect of the process parameters on Ra is studied as well. The surface 
topography of the machined surface has been analysed through scanning electronic microscope. 
2. Research Methodology 
2.1. Experimental procedure 
In this research, the surface roughness (Ra) is considered as response parameter, and parameters such as peak current(Ip), 
pulse-on time(Ton), pulse-off time (Toff) and servo-voltage (Sv) are selected as EDM variables. The ranges of the process 
parameters were fixed carrying out the preliminary experiment. The cylindrical graphite electrodes with positive polarity 
were chosen as tool material. The process parameter ranges and machining condition for SEM viewing are presented in 
Table 1.The experimental work was conducted based on axial point central composite design (CCD) of response surface 
methodology. Machining was performed, varying Ip, Ton, Toff, andSvaccording to the design matrix obtained through CCD. 
The value of surface roughness was assessed using the Perthometer. Five observations were carried out on different positions 
of the machined surface for each sample, and the average of these five was taken as the value of Ra. Surface texture analysis 
was carried out by scanning electronic microscopy (SEM) to observe the surface topography of selected specimens. The 
specimens were machined in EDM as per settings shown in Table 1(b), and were prepared for SEM viewing following EDM.  
Table 1. (a) The process parameters and their ranges. (b) Machining setting for SEM viewing. 
Process parameters Range  Parameters Setting-1 Setting-2 Setting-3 
Peak current (Ip) 1–29 A  Peak current (Ip) 2 15  29 
Pulse-on time (Ton) 10–350 μs  Pulse-on time (Ton) 95 180 320 
Pulse-off time (Toff) 60–300 μs  Pulse-off time (Toff) 120  120   120 
Servo-voltage (Sv) 75–115 V  Servo-voltage (Sv) 85 85 85 
2.2.Modelling  
In the present work, feed forwardmultilayer perceptron neural network is applied and developed for predicting the surface 
roughness. A multiple input neuron model which consists of a single neuron with xi inputs. In this case, the net input to the 
transfer function (ƒ) and the output for the neuron can be is defined as follow 
bxwinput=net i
n
i
i ¦
 1
_ ; t)ƒ(net_inpuoutput=       (1)                              
Here, wi is the synaptic weight, and b is the bias. The MLP neural network is formed from numerous neurons with parallel 
connections, which are joined in several layers [5]. In this research effort a number of networks are constructed, altering 
numbers of hidden layers, the number of hidden neurons, maximum epochs, training repetition, and momentum factor, and 
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each of them is trained separately.A model with one hidden layer was found more satisfactory. Accordingly, MLP feed-
forward neural network models with one hidden layers were developed. The network structure can be defined as 4-j-1. The 
four nodes for the input layer (Ip, Ton, Toff, and Sv),and one nodefor the output layer transmitsRa. According to Eq. (1), the net 
input to unit j in the hidden layer,and the net input to unit o in the output layer can be expressed in Eq. (2),  
ji
I
i
jihidden bxw=inputnet ¦
 1
,)_( ; o
J
j
jojoutput bhw=inputnet ¦
 1
,)_(      (2)              
where wi,j is the weight between the input neurons and hidden neurons; xi is the value of the input as x1=Ip, x2=Ton, x3=Toff, 
and x4=Sv; bj is the bias on the hidden nodes; wj,o is the weight between the hidden and output neurons, hj is the value of the 
output for hidden nodes, and bo is the bias on the output nodes. As Eq. (2), the output for hidden nodes, and the output for 
output nodes (yo) can be given as Eq. (3), 
))_(ƒ( hiddenj inputnet=h ;  ))_(ƒ( outputo inputnet=y       (3) 
Where ƒ is the transfer function and yo is the ANN predicted output, namely, Ra. According to the sigmoid function, the 
transfer function can be written as )e 1/(1 ƒ(net) -net= . Therefore, the output for hidden nodeswith the sigmoid function, and 
the output for output nodes with the sigmoid function can be written as Eq. (4) combining Eq. (2) and Eq. (3). 
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Eq. (4) can be expressed for the ANN predicted Ra as Eq. (5). 
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1          (5) 
A trial-and-error approach was used to ascertain the optimal structure. The selected best neural network model is trained 
(three times), substituting the set of the training data acquired from the experimental results. Testing was performed using 
experimental data that were not used for training purposes.The validation of the ANN model was performed using 
production data that comprises input data only. The impact of the process parameters on surface roughness was investigated. 
For this analysis, in each stage only one input parameter randomly changes between its minimum and maximum duration, 
while the others are fixed in their reference condition [14]. 
3. Results and Discussion 
3.1.Modelling  
Table 2. Performance of neural network with different architectures. 
Observation no. No. of hidden layer Network structure Momentum factor No. of training repetitions Max no. of epochs MSE r-value 
1 2 4-8-5-1 0.4 3 50000 3.39×10-5 0.8789 
2 2 4-7-6-1 0.5 2 40000 4.51×10-4 0.8831 
3 1 4-10-1 0.4 3 60000 1.67×10-5 0.9427 
4 3 4-7-5-4-1 0.4 3 60000 9.34×10-4 0.8049 
5 2 4-6-9-1 0.6 2 30000 6.13×10-4 0.9021 
6 2 4-10-5-1 0.5 3 50000 2.22×10-5 0.8942 
7 3 4-8-10-4-1 0.7 2 40000 3.91×10-4 0.7084 
8 2 4-8-4-1 0.4 3 60000 5.64×10-5 0.7559 
9 2 4-8-4-1 0.5 2 50000 4.24×10-4 0.8591 
10 1 4-12-1 0.5 3 30000 6.17×10-5 0.7947 
11 2 4-6-9-1 0.6 1 30000 8.13×10-5 0.8302 
12 1 4-12-1 0.5 3 60000 8.24×10-5 0.6903 
13 3 4-9-6-4-1 0.5 2 50000 1.50×10-4 0.8561 
14 2 4-6-4-1 0.5 3 50000 1.62×10-4 0.6940 
15 2 4-6-4-1 0.5 1 60000 8.31×10-5 0.7938 
16 3 4-7-5-4-1 0.5 3 30000 1.48×10-3 0.8357 
17 2 4-9-6-1 0.5 3 50000 1.92×10-5 0.9534 
18 1 4-12-1 0.5 3 50000 9.02×10-6 0.8007 
19 1 4-9-1 0.5 2 40000 8.21×10-5 0.8807 
20 3 4-9-6-4-1 0.5 3 60000 1.50×10-3 0.8613 
The prediction capability of different architecture is shown in Table 2. It is noticed that the observation 18 yields the 
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lowest value of MSE as  9.02×10-6 but its linear correlation coefficients (r-value) is lower (0.8007). On the other hand, 
observations 3 and 17 offer suitable value of MSE (1.67×10-5 and 1.92×10-5) and r-value (0.9427 and 0.9534). It is noticed 
that the r-value of observation 3 and 17 is almost similar however; the observation 3 yields lower value of MSE. 
Accordingly, the neural network architecture for observation number 3, which is 4-10-1 (one hidden layer with 10 neurons), 
is chosen as the best network in predicting Ra. Henceforth,the training is stopped and the weight values of the NNare stored.  
In testing of the NN model, the performance measures such as mean square error as well as the linear correlation 
coefficient of the model are found as 0.0439 and 0.9727, respectively. Thus, it is apparent that the linear correlation 
coefficient obtained (0.9727) is satisfactory. It is also observed that the MSE (0.0439) obtained are within the acceptable 
range. To investigate the line pattern of the data between the target values and ANN outputs (from training and testing) two 
lines are generated on the same graph as shown in Fig.1. It is found that the predicted and experimental values are very close 
to each other and the patterns of the two lines are identical except for a few data points. Thus, there is good agreement 
between the experimental values and neural network outputs.The regression analysis between the network response and the 
corresponding experimental value are presented in Fig. 2. Approximately all the points on the plot come close to forming a 
straight line, which signifies that the data are normal. According to this figure the value of R2 (0.9371) is over 90%, which 
indicates a very good correlation between the ANN model predicted value and the experimental value. Therefore, the 
developed neural network model is adequate to illustrate the pattern of surface roughness in EDM process. 
The results for confirmation tests (Table 3) indicates that the error between the observed value and the ANN output is in 
the range of 1.77—2.95% with an average errors of 1.92%. Thus, it is obvious that the error is within the agreeable limit and 
the accuracy of the developed model representing Ra is satisfactory. 
 
   
Fig. 1. Comparison between ANN predicted and experimental values.  Fig. 2.Predicted versus experimental surface roughness. 
Table 3: Error analysis for the ANN model of surface roughness. 
Electrode Polarity Experimental Ra (μm) ANN PredictedRa (μm) Error (%) Average error 
Graphite Positive 6.3396 6.4516 1.77  
  5.1220 5.0680 1.05 1.92 
  2.4047 2.3337 2.95  
3.2.Impact of process parameters  
The impact of the Ip on the Ra is shown in Fig. 3. It is apparent from Fig. 3(a) that the Raincreases graduallyupto15 
Aandbeyondthisrange,adisparatecharacteristicofRa isappearedwiththeincreaseofIp. The increase of Ipincreases the discharge 
energy, which promotes melting and vaporization of the workpiece material and generates larger and deeper craters, thus 
producing a higher Ra. The crater size increases with an increase of current, and ultimately the surface finish becomes 
rougher. TheRaalsodependsontoolwear,andthelowertoolcauseslowerRa. In EDM, carbon cracked from kerosene deposits on 
the electrode surface and forms a protective layer during machining. A black carbon layer is observed on the surface of the 
flat portion caused by the growth of attached carbon from cracked kerosene dielectric carbon oil [15]. This carbon layer 
protects the surface of the electrode from spark erosion. The increase of peak current tends to increase the carbon layer 
which tends to decrease the tool wear. Thus,thehighpeakcurrent(>23A) causes a decreasing trend of the Ra.  
It is seen that initially the Ra increases until a specific (peak) value and then retain constant when the Ton increases, as 
shown in Fig. 3(b). As the Ton increases the discharge energy increases. The high discharge energy creates more craters 
enhancing material erosion. Therefore, the Ra increases as the Ton increases. However, the too long Toncauses arcing and 
reduces the material erosion. The energy density within the discharge spot is reduced on account of the expansion of 
discharge column at a longer Ton. As a result, small craters are produced at too long Ton. Thus, the decreasing tendency is 
apparent to too long Ton(about 280–350 μs).  
As can be seen from the Fig. 3(c) the diverse impact of the pulse-off time on surface roughness characteristics is apparent 
in this study. An increasing of Toff initially increases Ra, and thereafter reduces Ra. When the Toff is short, there is not enough 
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time to clear the disintegrated particles from the gap between the electrode and the workpiece. If the Toff is short, an unstable 
spark discharge can be easily induced because of insufficient insulation recovery. Therefore, the short Toff results higher Ra, 
and Ra decreases with the increase of Toff. The pulse-off time must be sufficiently long to acquire a uniform erosion of 
material from the surface of the workpiece and stable machining process; otherwise, a non-uniform erosion of the workpiece 
surface will occur. Thus, disparate effects of pulse-off time on surface finish have been observed. 
It is apparent from Fig. 3(d) that as the Sv increases the Ra decrease. At high servo-voltage, the electrode is no longer able 
to advance towards the workpiece, resulting in a decrease in discharge. Besides, high servo-voltage allows lower time for the 
cutting operation. Thus, an increase in Sv reduces the material erosion resulting in small size of craters. Therefore, the Ra 
decreases with an increase of Sv, and a higher value of servo-voltage presents a more even surface on the workpiece. 
 
 a       b    
   
 c       d  
  
Fig. 3. (a) Effect of Ip on Ra; (b) effect of Ton on Ra; (c) effect of Toff on Ra; (d) effect of Sv on Ra. 
4.Surface topography 
The surface topography of a number of samples (table 2) is investigated using scanning electronic microscopy of the 
machined surface. The surface topography of the machined surface generated during EDM with positive graphite electrode is 
illustrated in Fig. 4 for distinct discharge energy. These figures exhibit globules, craters, cracks, and small debris on the 
machined surface.The spark occurring through the high-temperature plasma melts and vaporizes a small area of the 
workpiece surface, and ultimately craters are formed. The crater size depends on the peak current as well as the discharge 
energy. Small craters are produced at low peak current. Low peak current and high frequency correspond to low material 
erosion, which results in smaller craters. Scanning electronic micrographs reveals the presence of cracks resulting from 
solidification and/or rapid cooling of the recast layer. Many surface imperfections in the recast layer produced by the EDM 
process initiate cracking. At the end of discharge, the surface layer is rapidly cooled by the dielectric fluid and develops a 
residual tensile stress. Cracks are formed when the residual tensile stress in the surface exceeds the ultimate tensile strength 
of the material. The cracks are not readily formed within a thin recast layer because it is able to dissipate heat rapidly. 
Therefore, lower discharge energy produces micro-cracks. At the end of pulse-on time, a small amount of molten material is 
not expelled, although most of the melted and vaporized material is flushed away by the dielectric. The unexpelled melted 
material resolidifies after rapid cooling by the dielectric fluid and forms globules of debris.  
According to the SEM images in Fig. 4, the size of the craters increase as the discharge energy level increases. It is 
revealed that the number of globules decreases as the energy level increases.In addition, the degree of cracks increases as the 
discharge energy increases. The large discharge energy causes violent sparks and impulsive force, which strike the surface. 
Therefore, the rate of melting and vaporization is increased, resulting in greater material removal. This produces larger and 
deeper craters on the machined surface of workpiece. The long Ton is responsible for larger craters however; strong Ip causes 
deep craters during high energy level. Therefore, high discharge energy produces deeper and wider craters, resulting in a 
rougher surface. The two factors that lead to a greater degree of crack formation are recast layer thickness and induced stress. 
The thickness of the recast layer increases with discharge energy. The increase in Ton increases the white layer thickness and 
residual stress. A larger amount of heat energy penetrates into the interior of the workpiece at long Ton. The temperature of 
the workpiece surface reaches the melting point readily. The molten material resolidifies following rapid cooling by the 
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dielectric fluid and produces a thick recast layer. Thus, the high energy level produces a greater degree of cracks. The high 
discharge energy produces an inhibitor carbon layer on the electrode surface. The amount of carbon accumulated on the 
electrode surface increases considerably according to the increase of Ton. This carbon layer diminishes the electrode wear. 
The high discharge energy causes a large impulsive force, which can remove more debris from the machining gap. Thus, the 
surface topography with high discharge energy reduces the amount of globules.  
a     b     c 
 
Fig. 4. SEM micrographs of the machined surface for (a) Ip × Ton = 2 A × 95 μs;(b)Ip × Ton = 15 A × 180 μs; (c) Ip × Ton = 29 A × 320 μs. 
5. Conclusion 
The important findings from the work carried out in this research are summarised in this section. The error is within the 
agreeable limit and the developed neural network model is adequate for prediction the surface roughness, Ra. As the Ip 
increases initially the surface roughness increases upto15 Aof Ipafterwards adisparatecharacteristicofRa isappeared. A 
decreasing trend of the Rais appeared at highIp (>23A). It is found that the Raincreases with Ton however, the decreasing 
tendency is apparent to too long Ton (about 280–350 μs). The diverse impact of Toff on surface roughness (preliminary 
increasing and thereafter reducing tendency of Ra) characteristics is evident in this study. A higher value of Svyields more 
even surface.Low peak current as well as low discharge energy level results in smaller craters and micro-cracks. On the other 
hand, high discharge energy produces higher degree of craters as well as greater degree of cracks, generating a rougher 
surface. The fine microstructure of the machined surface is gained with low discharge energy. 
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